Abstract-Previous studies have found that Alzheimer's disease (AD) impairs cerebral vascular function, even at early stages of the disease. This offers the prospect of a useful diagnostic method for AD, if cerebral vascular dysfunction can be quantified reliably within practical clinical constraints. We present a recently developed methodology that utilizes a data-based dynamic nonlinear closed-loop model of cerebral hemodynamics to compute ''physiomarkers'' quantifying the state of cerebral flow autoregulation to pressure-changes (CA) and cerebral CO2 vasomotor reactivity (CVMR) in each subject. This model is estimated from beat-to-beat measurements of mean arterial blood pressure, mean cerebral blood flow velocity and end-tidal CO2, which can be made reliably and non-invasively under resting conditions. This model may also take an open-loop form and comparisons are made with the closed-loop counterpart. The proposed modelbased physiomarkers take the form of two indices that quantify the gain of the CA and CVMR processes in each subject. It was found in an initial set of clinical data that the CVMR index delineates AD patients from control subjects and, therefore, may prove useful in the improved diagnosis of early-stage AD.
INTRODUCTION
It has been shown that the progression of cognitive impairment in patients with Alzheimer disease (AD) is likely to be associated with impairment of cerebral vascular function, 2, 4, 10, 14, [17] [18] [19] 34, 35, 43, 44 even at the early stages of AD. The presence of the amyloid-beta peptide has been established as a hallmark of AD 13, 41, 45, 47 and its effects on cerebrovascular function have also been established, as well as the influence of cerebrovascular lesions on the clinical expression of AD. 7, 16, 22, 42, 46 Some studies have even suggested that AD is a cerebrovascular disorder or at least contributes to the onset or progression of AD. 10 Thus, if objective measures of cerebral hemodynamic function can be obtained safely and reliably in a clinical setting, then they may offer additional means for improved diagnosis of AD, even at early stages. Such quantitative measures may also be used to monitor the disease progress over time and assist in assessing the effects of therapeutic treatments.
Cerebral flow autoregulation in response to pressure-changes (CA) and cerebral CO2 vasomotor reactivity (CVMR) are two fundamental aspects of cerebral hemodynamic autoregulation (CHAR). 1, 3, 5, 6, 8, 9, 11, 12, 20, 23, [30] [31] [32] [33] [36] [37] [38] [39] [40] 48, 49, 51, 52 This paper applies a recently developed methodology for open-loop 27 and closed-loop 28 modeling of cerebral hemodynamics to an initial set of eight early-stage AD patients and eight control subjects in order to explore the potential of using model-based ''physiomarkers'' for improved diagnosis of early-stage AD. This model yields quantitative measures of the two key functional aspects of CHAR, CA and CVMR, in the form of subject-specific indices of the nonlinear dynamics of this system. Since the CA and CVMR indices are derived from data-based models, they are objective and quantitative measures of the underlying physiological processes. Whether they can also be sensitive ''physiomarkers'' for improved clinical diagnosis will have to be ascertained through the analysis of adequate clinical data. The results presented in this paper from a small set of initial clinical data appear rather encouraging with regard to the potential utility of the CVMR index to delineate AD patients from control subjects on the basis of the quantified impairment in vasomotor reactivity in AD. However, this is only a pilot study and definite conclusions cannot be drawn regarding the potential clinical utility of this approach before extensive clinical data become properly analyzed in the future.
Our ability to quantify reliably the hemodynamic properties of each subject hinges on accurate estimation of an appropriate model for the CHAR process, using time-series hemodynamic measurements that are feasible in a clinical context. Because of its vital importance, CHAR has received considerable attention and many studies have sought to advance our understanding of the underlying physiological mechanisms using computational models that describe the quantitative relationship between beat-to-beat measurements of arterial blood pressure and cerebral blood flow for various levels of CO2 tension. 1, 3, 5, 6, 8, 9, 11, 12, 20, 23, 27, 28, [30] [31] [32] [33] [36] [37] [38] [39] [40] 48, 49, 51, 52 The requisite data for the estimation of such models can be collected non-invasively, safely and comfortably in a clinical setting under resting conditions. However, this modeling task has been confounded by many intrinsic complexities of the system, including nonlinearities, nonstationarities and the presence of multiple physiological mechanisms that maintain cerebral blood flow within appropriate bounds for normal changes of perfusion pressure or CO2 tension.
Most of the CHAR modeling studies to date have been placed in a linear context (because of its relative simplicity) and have sought to estimate the Transfer Function of the frequency-dependent relationship between input and output variables. These linear modeling studies have shown reduced coherence below 0.1 Hz, indicating the presence of intrinsic CHAR nonlinearities-an observation that motivated nonlinear modeling studies using variants of the Volterra approach that exhibit predictive capability superior to linear methods. [30] [31] [32] [33] Recently, we have utilized the novel concept of Principal Dynamic Modes (PDMs), associated with Volterra-type nonlinear modeling, to achieve a more compact model of the CHAR process and offer the prospect of physiological interpretation of the obtained model. 27, 28 PDM-based modeling has been introduced by our group in this and other physiological domains to enable accurate dynamic nonlinear modeling of physiological systems from relatively short data-records. 21, 29 The initial studies were placed in the input-output context of an open-loop configuration. Recently, we introduced the closed-loop analysis of the CHAR system, because arterial blood pressure and flow variations are mutually dependent, 28 with the expectation that it will allow new insights into the CHAR process and yield more reliable measures for CVMR and CA.
The purpose of this paper is to present initial results of open-loop and closed-loop analysis of CHAR in a small set of eight early-stage AD patients and eight control subjects under resting conditions in order to explore the potential utility of model-based ''physiomarkers'' of CVMR and CA for improved diagnosis of early AD via quantitative delineation of AD patients from control subjects. Our working hypothesis is that the AD patients will exhibit smaller values of the model-based CVMR index indicating impaired vasomotor reactivity.
METHODS

Experimental Methods
Eight control subjects and eight age-matched patients with early-stage Alzheimer's disease (AD) participated voluntarily in this study and signed the Informed Consent Form that has been approved by the IRB of the University of Texas Southwestern Medical Center and Presbyterian Hospital of Dallas, where the data were collected at the Institute for Exercise and Environmental Medicine. Early-stage AD was defined in patients who have received a diagnosis of ''probable'' AD according to the NINDS/ADRD criteria. Demographic characteristics of the study participants and cognitive assessments have been reported previously. 5 Arterial blood pressure was measured continuously and non-invasively with finger photoplethysmography (Finapres) and cerebral blood flow velocity was measured in the middle cerebral artery using a 2 MHz transcranial Doppler (TCD) probe (Multiflow, DWL) placed over the temporal window and fixed at constant angle with a custommade holder. Heart rate was monitored by electrocardiogram (ECG) and end-tidal CO2 tension was obtained via a nasal cannula using capnography (Criticare Systems) All experiments were performed in the morning in a quiet, environmentally controlled laboratory under resting conditions. After 20 min of supine rest, 5-6 min of recordings were made in supine position for four pairs of control subjects (CS) and Alzheimer's patients (AP), as well as in sitting position for another four pairs of CS and AP. These non-invasive measurements are reliable, safe and comfortable for older subjects. Data collected from 16 other control subjects in supine position under resting conditions (from another study of the Institute for Exercise and Environmental Medicine, Southwestern Medical Center) were used to obtain the ''global'' PDMs and the normative statistics of the model-based physiomarkers that are utilized as the reference set in this study for the purpose of evaluating the model-based indices obtained for the target group of 8 CS and 8 AP (4 pairs in sitting position and 4 pairs in supine position).
Data Preprocessing
The continuous recordings of arterial blood pressure, end-tidal CO2 and cerebral blood flow velocity were reduced to beat-to-beat time-series data by averaging the signals over each R-R interval to yield the three physiological time-series variables of interest: mean arterial blood pressure (MABP), end-tidal CO2 (ETCO2) and mean cerebral blood flow velocity (MCBFV). Occasional measurement artifacts were removed by applying a threshold criterion on the maximum change that is physiologically possible from beat to beat in these variables (threshold values of 6 mmHg maximum beat-to-beat change for MABP or ETCO2, and 5 cm/s maximum beat-to-beat change for MCBFV). These beat-to-beat values were re-sampled every 0.5 s via cubic-spline interpolation and were high-pass filtered to remove the constant baseline and very low frequency trends by subtracting the two-minute (241-sample) non-causal symmetric moving-average with Hanning weighting (equivalent to high-pass filtering at~0.01 Hz). The resulting timeseries data were finally clipped at ±2 standard deviations to mitigate the effects of occasional outliers. The ETCO2 data were shifted by 2 s to compensate for the latency of the measurement apparatus due to the length of the tubing, as determined experimentally. Figure 1 shows illustrative time-series data (both raw and pre-processed) for one of the AD patients over 6 min (Fig. 1a) , as well as the respective spectra of the pre-processed data and the two-minute moving-averages that were subtracted during pre-processing (Fig. 1b) . The broadband nature of these spontaneous physiological variations is evident, with most signal power found below~0.1 Hz. It is also evident that strong very low frequency trends exist below 0.01 Hz, which are excluded from this study (because their power spectral density is much higher that the broadband signal of interest) and can be examined separately in future studies.
Modeling Methods
In this study, we employ the concept of Principal Dynamic Modes (PDMs) to obtain compact dynamic nonlinear models of the causal relationship between two beat-to-beat input signals: mean arterial blood pressure (MABP) and end-tidal CO2 tension (ETCO2), and one output signal: mean cerebral blood flow velocity (MCBFV). The use of PDMs makes the obtained dynamic nonlinear models compact and allows their accurate and robust estimation from short data-records (5-6 min). 27, 28 The PDMs also facilitate the physiological interpretation of the obtained model. 25, [27] [28] [29] We briefly outline below the proposed PDM-based modeling approach, which is also summarized in Appendix I. For the many mathematical and technical details of Volterra-type modeling and related issues, the reader is referred to the monograph 29 and to our recent publications presenting its application to the CHAR system in the input-output open-loop context 27 and in the closed-loop context. 28 In short, the output of the PDM-based inputoutput open-loop model is formed by additive signal components that are generated by cascaded operations on the input signals and multiplicative cross-terms (see Fig. 2 ). Specifically, each input signal is convolved with each of its own PDMs and transformed nonlinearly by the respective Associated Nonlinear Function (ANFs). The resulting signals are summed to form the model output with the addition of cross-terms that represent the multiplicative interactions between PDM outputs. The latter describe dynamic interactions between the PDM outputs that may influence the system output. The mathematical operations involved in this process are summarized in Appendix I, along with the procedure by which the PDMs and the ANFs are obtained from the data.
In the closed-loop analysis, we consider two inputoutput models, A and B, which represent respectively the causal effects of MABP and ETCO2, viewed as the two inputs, on MCBFV, viewed as the output (model component A) and the causal effects of MCBFV and ETCO2, viewed as the two inputs on MABP, viewed as the output (model component B). A block-diagram for the closed-loop model is shown in Fig. 3 and indicates how two open-loop PDM-based models of the subsystems A and B are connected, giving rise to two putative external (systemic) ''disturbances'' which are the residuals for each open-loop model prediction. The key mathematical operations and the concepts involved in the closed-loop modeling approach are summarized in Appendix II and expounded in a recent publication. 28 The key modeling concept is that the selected PDMs represent an efficient set of ''basis functions'' (distinct and characteristic for each system) capable of describing adequately and compactly the system dynamics. 29 Although each system/subject generally has its own characteristic set of PDMs, ''global'' PDMs can be sought via a proper ''fusing'' procedure (see Appendix I) that represent the common reference set of ''basis functions'' for the system kernels serving as a common ''dynamic coordinate-system'' for an ensemble of subjects/systems (e.g., the 16 control subjects in this study). As explained in Appendix I, the global PDMs are computed via Singular Value Decomposition (SVD) of a rectangular matrix containing all PDMs from each subject within the chosen ensemble of reference subjects, weighted by the respective singular values. 28 The ability of the global PDMs to represent the dynamics of the entire ensemble is validated by the predictive accuracy of the global PDM-based model for each subject.
Three global PDMs have been found to be adequate for each input of the CHAR system. 27, 28 A cubic ANF for each global PDM is estimated from the data of each subject via linear regression on the output signal in accordance with the block-diagram of Fig. 2 . This output regression also includes the significant crossterms that are selected among all possible pair-products of the PDM outputs for the two inputs, using a statistical significance test (w-statistic) on the correlation coefficient between each possible cross-term and the output signal. 28 We note that the coefficients of the cubic ANFs and the coefficients of the selected significant cross-terms enter linearly in the output equation (see Fig. 2 ). The use of global PDMs keeps the total number of free parameters for this two-input PDM-based model low (between 20 and 25 in this application, depending on the number of selected significant cross-terms which has varied between 1 and 6 in this application). Although the global PDMs are common for all subjects, the estimated ANFs associated with each global PDM are subject-specific and can be used to characterize uniquely the CHAR process for each subject. This is the basis for the potential utility of the PDM-based modeling approach for clinical diagnosis. The results of open-loop and closed-loop PDMbased modeling of the CHAR process in 8 control subjects and 8 Alzheimer's patients are presented and compared in the following section.
RESULTS
We first computed the baseline (average) values of the MCBFV, MABP and ETCO2 time-series data for a reference set of 16 control subjects (CS), as well as the baseline resistance and reactivity estimates defined as Table 1 and offer modest differentiation between the CS and the AP subgroups. For comparative purposes, we have included in Table 1 the CA index values obtained from conventional linear transfer function analysis, which offer no differentiation between the CS and AP subgrourps.
We proceed with the analysis of the CHAR dynamics of these subjects using the proposed PDMbased modeling methodology. Following the procedure outlined in the previous section and Appendix I, we obtained the ''global'' PDMs from the reference set of 16 CS that are shown in Fig. 4 for the subsystem A and in Fig. 5 for the subsystem B (in the time and frequency domains). We observe that the global PDMs exhibit distinctive spectral characteristic in the form of resonant peaks and troughs that may attain importance for the interpretation of the PDM-based model and the functional properties of the CHAR system. 27, 28 The physiological origin of these resonant peaks ought to be explored in future studies, as they may be related to myogenic, endothelial and/or autonomic mechanisms (see ''Discussion''). Our previous studies have shown that most of the nonlinear characteristics of the CHAR system are exhibited in the frequency range 0.02-0.08 Hz 27, 28, [30] [31] [32] [33] and, therefore, the nonlinearities are expected to be associated primarily with the PDMs which exhibit resonant peaks in that frequency range. The time-domain PDM waveforms indicate that the system ''memory'' is~30 s (i.e., the effects of a change in the input variables upon the output variable lasts no more than 30 s).
To obtain the PDM-based model for each subject, we must estimate the ANF of each global PDM for this subject, as well as the coefficients of the significant cross-terms that describe the interactions of the PDM outputs as they impact the system output. Each ANF is a static nonlinear function (cubic in this case) that is applied to the output of the respective global PDM. The ANFs are distinct for each subject and can be used to quantify the CA and CVMR characteristics of the subject. To examine whether a linear PDM-based model (where the ANFs are replaced by simple scalars) would be adequate, we report in Table 2 the percent Normalized Mean-Square Error (NMSE) of the PDMbased model prediction for both the linear and the nonlinear model of each subject in the reference set of 16 CS. It is evident from these results that the nonlinear model offers significant prediction improvement, because the average NMSE reduction satisfies the Model Order Selection Criterion. 29 For this reason, we proceed in our analysis with the PDM-based nonlinear models of the CHAR process. The prediction NMSE results for the subjects in the study group are also reported in Table 3 . The form of the obtained ANFs is illustrated for the mean coefficient values over all 16 CS in Fig. 6 for the MABP input (left) and for the ETCO2 input (right). It should be emphasized that there is considerable intersubject variability in the ANF coefficient estimates, especially for the 2nd and 3rd PDMs. It is evident in Fig. 6 that the ANF of the 1 st PDM is almost rectilinear, especially for the MABP input and dominant over the other two ANFs (which are more curvilinear, especially for the ETCO2 input). This is consistent across subjects.
These observations are also evident in the average ANFs obtained in the study group and shown in Fig. 7 . Most notable are the curvilinear form of the ANFs for the ETCO2 input and their relative variability across subjects. This is observed for both CS and AP in the study group. However, what is of greatest potential importance is the observed reduction in the slope of the 1st ANF of the ETCO2 input for the AP (relative to the CS) which suggests reduced average dynamic CO2 vasomotor reactivity. A reduction in the slope of the average 1st ANF of the AP (relative to the CS) is also observed for the MABP input, albeit not as drastic as for the ETCO2 input, suggesting some increase of the average cerebrovasular resistance (decrease of the ''admittance'' quantified by this slope). This issue and the observed changes in the other ANFs are further examined by the computed model-based indices for CA and CVMR below.
The estimated coefficients of the selected significant cross-terms varied between 1 and 6 in these subjects and had overall a minor contribution to the total output model prediction (on the order of 1-5%). We note that the number of free parameters in each of the open-loop PDM-based models with 3 PDMs for each including a constant) . Thus, the total number of free parameters never exceeded 25 in this study. In relative terms, the greatest contribution to the total output prediction was made by the 1st ANFs of the PDM-based model.
In order to demonstrate the distinct functional characteristics captured by the PDM-based models of the AP and CS in the study group and delineate the contributions of the CA and CVMR processes, we select the most obvious choice of input: a pulse. Obviously, many other choices of index definition can be used, such as the peak response to an impulsive input or the peak-to-peak response amplitude to a sinusoidal input. Thus, we compute the model predictions of cerebral flow velocity (MCBFV) for pulse changes in arterial pressure (MABP) to quantify the CA characteristics of each subject or for pulse changes in CO2 tension (ETCO2) to quantify the CVMR characteristics of each subject, separately. It is critical to note that the model-predicted responses are computed for the other input being kept at its baseline level (simulated clamping). Each of those MCBFV simulated responses allows the computation of a CA or CVMR index. We elect to define such an index as the difference of the integrated MCBFV response over 30 s after the onset of a positive pulse and a negative pulse of the respective stimulus (MABP for CA or ETCO2 for CVMR) equal in magnitude to half SD of the respective experimental data. The latter is done in order to remain compatible with the (observed) natural operating range of each subject. The computed integrated MCBFV pulse-response over 30 s is normalized by the respective input-pulse magnitude. The computation of these indices was done for both open-loop models of subsystem A and for the closed-loop model of Fig. 3 . These indices are the potential physiomarkers of CA and CVMR that are hoped to enable delineation of the AP from the CS. The computed CA and CVMR indices for closedloop and open-loop analysis of the reference set of 16 CS are presented in Table 4 , along with the respective mean (SD) values. The respective histograms are shown in Fig. 8 . When more data become available in the future, these histograms can be fitted with suitable parametric distributions that will enable statistical analysis of the obtained indices by providing the normative statistics (i.e., the Null Hypothesis that must be rejected in the disease state). An illustrative example of such a distribution fit is given in the lower right panel of Fig. 8 , where the histogram of the CVMR indices for closed-loop analysis is fitted with a Gamma distribution, since the computed CVMR indices for the reference set are all positive (a fact consistent with normal physiology) and their histogram is skewed. The available data are not sufficient to allow firm conclusions on this matter at this time, but future studies may provide sufficient data and allow rigorous statistical analysis of the clinical utility of the CVMR index. The computed CA and CVMR indices of the study group of 8 CS and 8 AP (4 pairs in supine position and 4 pairs in sitting position) are shown in Table 5 for closed-loop analysis and open-loop analysis. The SD of the respective data (MABP or ETCO2) is also reported in each case, because it defines the abscissa range of the respective ANF and the magnitude of the input-pulse (half SD) that is used in the nonlinear model simulation from which the indices are computed. Table 5 also includes the probability for the CVMR index of each subject to reject the Null Hypothesis based on the Gamma-distribution fit of Fig. 8 (rightmost column) . The Gamma distribution was chosen because it is often used for variables defined only over the positive semi-axis, since the CVMR index is expected to be positive for normal subjects, but no claim of optimality is made for the Gamma distribution since other such distributions can also be used and may prove more suitable for this application following proper statistical analysis of more extensive data in the future.
The results indicate a significant reduction of the CVMR index in the AP subgroup (by a factor of about 4 on the average) and a smaller reduction of the CA index in the AP subgroup (by about 50% on the average) relative to the CS subgroup in the study group. These differences between the two subgroups are far more pronounced than the differences shown in Table 1 that were based on baseline values-suggesting the potential capability of these model-based ''dynamic'' indices to delineate the two groups better than ''static'' measures based on the ratio of baseline values (see Discussion). A significant reduction of the average CVMR index was observed for the AP in sitting position relative to supine position-but this was not observed for the CS group. We note that the average probability of rejecting the Null Hypothesis based on the normative Gamma-distribution of the reference set of 16 CS is about double for the AP group relative to the CS group (for closed-loop analysis). This probability is above 65% for all patients in the closed-loop analysis, but one patient is below 65% in the openloop analysis. One member of the CS group has such probability above 65% for closed-loop analysis, but three members of the CS group have such probability above 65% for open-loop analysis (see ''Discussion'').
An illustrative example of the simulated MCBFV responses to the MABP pulse stimulus is given in Fig. 9 for CS #1 (left panels) and AP#1 (right panels), where the MABP stimulus has a positive pulse change (equal to half SD of the actual MABP input data) over the first 30 s (the ''memory'' of the CHAR system) and a negative pulse change of the same magnitude over 80-110 s, while the ETCO2 input is kept at baseline (ETCO2 average over the data-record). The top panels are for the closed-loop analysis and the bottom panels for open-loop analysis (subsystem A). In the closedloop model, the MABP stimulus is externally imposed (like the systemic disturbance P d (t) in Fig. 3 ) and, therefore, an intra-loop MABP change is induced, which is also plotted in the top panels (in green). These model predictions indicate that both subjects exhibit normal autoregulation with respect to pressure changes, since the MCBFV response returns close to the baseline after an initial transient.
An illustrative example of the simulated MCBFV responses to an ETCO2 pulse stimulus is given in Fig. 10 for CS #1 (left panels) and AP#1 (right panels), where the ETCO2 stimulus is a positive pulse change (equal to half SD of the actual ETCO2 data) over the first 30 s and a negative pulse change of the same magnitude over the interval of 80-110 s, while the MABP input is kept at baseline (isobaric conditions). The top panels are for the closed-loop model and the bottom panels for the open-loop model of subsystem A in Fig. 3 . In the closed-loop model, an intra-loop MABP change is induced by the ETCO2 stimulus (green liine in the top panels). These model predictions indicate that the control subject CS#1 exhibits normal vasomotor reactivity with respect to CO2 changes, because the resulting MCBFV response increases or decreases depending on whether the ETCO2 stimulus increases or decreases, respectively. However, this is not the case for the patient AP#1, indicating impairment of CO2 vasomotor reactivity. This is the key finding of our study (see ''Discussion'').
DISCUSSION AND CONCLUSIONS
It has been shown in previous studies that the progression of cognitive impairment in patients with Alzheimer disease (AD) is associated with impairment of cerebral vasomotor reactivity (CVMR) to hypercapnia. 43, 44 It is also increasingly recognized that in most conditions of dementia, neurodegenerative changes and vascular lesions interact to accelerate cognitive decline. 2, 4, 10, 14, [17] [18] [19] 34, 35, 47 In addition to epidemiological evidence that AD and vascular dementia have common risk factors, 13 there have been indications that cerebral amyloid angiopathy may be both the cause and the effect of cerebrovascular impairment, suggesting that AD and cerebrovascular disease have synergistic effects. 7, 16, 22, 41, 42, 45, 46 The identification of common biochemical and physiological mechanisms for the pathogenesis of AD and cerebrovascular disease could have significant clinical implications in terms of diagnosis, prevention and treatment. The prevention and mitigation of cerebrovascular dysfunction through proper intervention and treatment may also have important implications for improved management of AD. 15, 21, 50 This attractive prospect relies on our practical ability to obtain reliable, sensitive, quantitative and objective measures of cerebral vascular dysfunction in a clinical setting. This paper proposes a method that yields such a measure under resting conditions using noninvasive measurements of cerebral flow, arterial pressure and end-tidal CO2.
The proposed method utilizes a nonlinear model of the dynamics of cerebral hemodynamic autoregulation -loop analysis (top two panels) and open-loop analysis (bottom two panels) of the study group of 8 CS and 8 AP. The ''Prob'' column is the probability of rejecting the Null Hypothesis based on the normative Gamma-distribution of the CVMR index for the reference set of 16 control subjects (i.e., the likelihood of CVMR impairment). (CHAR) that includes the processes of cerebral flow autoregulation to pressure-changes (CA) and CO2 vasomotor reactivity (CVMR). This model is estimated from beat-to-beat time-series data of Mean Arterial Blood Pressure (MABP), End-Tidal CO2 (ETCO2) and Mean Cerebral Blood Flow Velocity (MCBFV) that are collected in elderly patients non-invasively and reliably in a clinical setting under resting conditions (supine or sitting position). The proposed dual-input dynamic nonlinear model utilizes the concept of Principal Dynamic Modes (PDMs) to facilitate the model estimation task. In addition to its potential for enabling diagnosis of earlystage AD, this model can also advance our quantitative understanding of the CA and CVMR processes. The primary intent of this work is to develop and test simple, yet reliable, model-based indices that can serve as ''physiomarkers'' with potential clinical utility in improving diagnosis of AD in early stages-and possibly other neurodegenerative diseases with a cerebrovascular component. We have shown that PDMbased models yield quantitative measures of CVMR and CA in the form of scalar indices that quantify these processes and exhibit marked differences between Alzheimer's patients (AP) and control subjects (CS). Therefore, these model-based indices/physiomarkers hold the promise to be used in order to detect possible impairment of CVMR or CA in AD or other forms of cerebrovascular disease.
It was found through data analysis from an initial set of 8 AP and 8 CS that the CVMR index takes significantly higher values for CS than AP (by a factor of 4 on the average) and likewise, but to a smaller extent, the CA index (by a factor of 2 on the average). Our working hypothesis is that amyloid-beta deposition interferes with the normal function of the neurovascular autoregulatory mechanisms that serve CVMR and CA and, furthermore, these effects can be quantified reliably with the use of data-based dualinput dynamic nonlinear models employing the key modeling concept/tool of PDMs and their Associated Nonlinear Functions (ANFs). These models account for the combined and nonlinear effects of MABP and ETCO2 on MCBFV. Simulations of the extracted PDM-based models can generate the MCBFV response to positive or negative input-pulse change of ETCO2 or MABP separately (while the other input is kept at baseline-emulating isobaric or isocapnic conditions respectively). This capability of ''simulated clamping'' is a unique strength of model-based studies. The proposed ''physiomarkers'' for early AD take the form of indices that are computed as the difference of the integrated MCBFV responses to a positive and negative pulse stimulus of the respective input (ETCO2 for CVMR and MABP for CA) equal to half SD of the respective recorded data. These responses are time-averaged over 30 s (the putative ''memory'' of this system) and normalized by the respective inputpulse magnitude. The obtained indices seem to corroborate our working hypothesis that they may serve as ''physiomarkers'' to quantify possible deficits or impairment in the CA and CVMR processes. Specifically, a significant reduction of the CVMR index was observed in the AP of the study group (by a factor of 4 on the average), relative to the normative database and the CS of the study group (see Table 5 ). Analysis of more extensive clinical data should seek to confirm this intriguing finding in the future, because of its potential to quantify possible CVMR impairment in early AD.
We note that the obtained nonlinear dual-input PDM-based models were validated through their predictive capability and are deemed capable of predicting the MCBFV response for any given changes of MABP and ETCO2 within the dynamic range of the analyzed FIGURE 10. The model-predicted MCBFV response (blue line) for CS#1 (left panels) and AP#1 (right panels) to a positive ETCO2 pulse stimulus over the time-interval 0-30 s (red line), equal to half SD of the recorded ETCO2 data, or a negative ETCO2 pulse stimulus of the same magnitude over the time-interval 80-110 s, while the MABP input is kept at baseline (isobaric conditions). The top panels are for the closed-loop model and the bottom panels for the open-loop model. In the closed-loop model, the ETCO2 pulse stimulus also induces an intra-loop MABP change which is plotted in green. The model prediction in the control subject CS#1 demonstrates normal CO2 vasomotor reactivity, since the MCBFV response changes in the same direction as the ETCO2 input. However, this is not the case for Alzheimer's patient AP#1, indicating impairment of CO2 vasomotor reactivity. data, which are obtained under resting conditions. Therefore, the obtained model-based physiomarkers are valid for the dynamic range of spontaneous activity under resting conditions and do not necessarily correspond to physiological measures that are obtained under more severe challenges (e.g., hypercapnia induced by CO2 breathing). We also note that the employed system memory of 30 s may be a bit shorter for the MABP input, since this was found in the data of a previous modeling study. 27 In the Laguerre expansion approach, the system memory for each input is influenced by the selected Laguerre parameter alpha, which is determined through a search procedure minimizing the NMSE of the model prediction for a given number L of Laguerre basis functions. For the data of this study, the search procedure yielded an optimum alpha of 0.7 with L = 5 for the MABP input and L = 3 for the ETCO2 input, which resulted in a memory extent for both inputs of about 30 s. However, the significant values of the 1st order kernel for the MABP input are within the first 10 s-with relatively small values for lags between 10 and 30 s. A previous study of our group 27 found an optimal alpha parameter of 0.5 for the MABP input and 0.6 for the ETCO2 input. This is probably due to differences in the respective subject data. Experimental verification of the precise system memory is desirable, but practically difficult because of the relatively small values of the MABP kernels beyond lags of 10 s and the relatively low signal-to-noise ratio in this type of data due to the multiple factors affecting them. This issue deserves to be explored further in the future.
Despite the considerable inter-subject variability in the CHAR process, three ''global'' PDMs for each of the monitored variables were found to constitute an adequate ''functional basis'' for representing the dynamics of the CHAR process for all subjects in the study (adequacy was judged by the predictive capability of the resulting PDM-based models). This common reference of global PDMs was obtained from the time-series data of 16 control subjects, distinct from the ones analyzed in this study. The existence of such a set of global PDMs facilitates this formidable modeling task in a practical context and assists the physiological interpretation of the modeling results. The form of the global PDMs contains functional information regarding the physiological mechanisms defining the dynamics of the CHAR process. However, the specific and reliable interpretation of these global PDMs and their ANFs (which describe quantitatively the nonlinearities of the CHAR process for each subject) will require intensive future studies on a vastly expanded database. The main findings of this study (based on the limited number of subjects to date) are summarized below.
Dual-Input Dynamic Nonlinear Modeling Seems Useful for Quantification of the CHAR Process
It is known that the CHAR process is dynamic and nonlinear. However, the practical extraction of a reliable CHAR model, accounting for the combined and nonlinear effects of blood pressure and CO2 tension on cerebral blood flow velocity, from clinical data has been viewed as nearly intractable and its potential clinical utility has remained a matter of speculation. The results of this study suggest that it is practically feasible and potentially useful to take into account the dynamic nonlinearities of this dual-input system in order to achieve quantification of possible impairment of CVMR and/or CA that may serve the purpose of improved clinical diagnosis. Specifically, it was shown that dual-input dynamic nonlinear models reduce significantly the output prediction error relative to linear models (see Tables 2 and 3 ). The significance of this reduction is ascertained to be beyond the bounds of statistical variance (or overfitting) by the Model Order Selection Criterion that has been developed for this purpose. 29 Nonetheless, it should be noted that the estimation of more complex models (with more free parameters) is generally more prone to estimation errors than simpler (more compact) models. The modelbased indices in Table 5 that quantify the CVMR process under isobaric and resting conditions, allow the delineation of AP from CS (one-sided p value of 0.004 for closed-loop analysis). Indications of CVMR impairment were found in the AP of this study in the form of reduced values of the respective index. Such delineation between the two groups (CS and AP) was not possible with baseline values (averages of the available data), as attested by the computed values shown in Table 1 that correspond to large p-values of the mean difference t test (reported explicitly in #5 below). Such delineation was not possible via the obtained CA indices (see Table 5 ) or single-input (MABP) models of the CHAR process that have been used in the linear context previously (e.g., transfer function analysis). We observe, however, a small reduction of the average CA index in the AD patients relative to the control subjects (see Table 5 ), which is not statistically significant (one-sided p value of 0.27 for closed-loop analysis). The observed nonlinearities were relatively mild for the pressure-dependent components of the model (serving pressure autoregulation), but they were stronger for the CO2-dependent components of the model (serving vasomotor reactivity).
The PDM-Based Model May be Generally Applicable to All Subjects and Pathologies
The ''global'' PDMs used in the presented methodology represent a ''functional basis'' for all subjects that is posited to be generally applicable across subjects and pathologies pertinent to cerebral hemodynamics. The validation of this assertion is based on the predictive capability of the resulting models. However, this has been shown only on a limited set of subjects so far (32 in this study) and its potential importance requires validation with a larger number of subjects in the future. When this assertion is demonstrated to the satisfaction of the peer community, it will be extremely useful for the dual purpose of physiological interpretation and clinical application. The physiological interpretation of the global PDMs and the specific physiological mechanisms that influence their waveforms require also careful examination in future studies. The subject-specific forms of the ANFs are useful for diagnostic purposes, but their origin remains an issue that also deserves more attention in future studies. The observed spectral characteristics of the obtained global PDMs suggest the presence of multiple mechanisms that must be delineated in future studies.
Model-Based Indices of CVMR and CA with Potential
Clinical Utility
The PDM-based model of the CHAR process has the potential to yield clinically useful indices of CVMR and CA for improved diagnosis of early AD and other neurodegenerative diseases with a significant cerebrovascular component. Based on these initial results, the CVMR index appears to delineate the AP from the CS better than the CA index. Although this result appears very promising, the CVMR index must uphold its good performance with a broader set of subjects in future studies, before it can be accepted as quantitative and reliable means for early AD diagnosis. A CVMR index was previously proposed that was based on breathholding data. 23, 39 However, this index exhibited high variability and yielded ambiguous results due to baseline variations among subjects. The PDM-based dual-input model allows computation of the CVMR index under isobaric conditions (simulated clamping) using spontaneous activity data in resting conditions, without requiring specialized maneuvers that may drive the CHAR system outside its physiological range. This renders it more stable and robust as a diagnostic physiomarker.
The key question of possible diagnostic value of the proposed CVMR and CA indices can be elucidated by the scatter-plot of Fig. 11 , where the computed indices for the 8 CS and 8 AP of the study group are plotted with blue and red respectively, for both closed-loop and open-loop analysis. The closed-loop analysis appears to separate the two subgroups better (left panel). A dividing line emerges for the CVMR index values around 1.9, since all AP have CVMR index values below 1.9, and all CS but one are above that value. A second dividing line around 1.4 leaves all CS above it, along with three AP. Thus, a ''gray zone'' emerges from these initial results for CVMR indices between~1.4 and~1.9. These findings are consistent with the log-normal fit for the closed-loop CVMR indices shown in Fig. 8 (the probabilities of rejecting the Null Hypothesis of the normative data are included in Table 5 ). Evaluating these findings against the results of the reference group presented in Table 4 (closed-loop analysis), we see that two CS in the reference group have CVMR index in the ''gray zone'' between 1.4 and 1.9, but three more are below 1.4. It is critical to examine in future studies whether the latter cases are in actuality ''false negatives'' or they extend the ''gray zone'' to lower CVMR index values. The results in Fig. 11 Table 5 also delineate the two groups. Rigorous statistical analysis of the diagnostic value of the CVMR and CA indices can be performed when more CS and AP data become available in future studies. Nonetheless, the initial results already indicate that the CVMR index has potential diagnostic utility in the closed-loop analysis context-something that cannot be ascertained for the CA index. A CVMR index less than~2 (regardless of the CA index value) represents a warning sign for early AD, based on these initial data, while the range of CVMR index values between roughly 1 and 2 represents a ''gray zone''.
Closed-Loop Analysis Appears to be Yield Better Initial
Results than Open-Loop Analysis
The obtained initial results suggest that closed-loop analysis offers better delineation between the CS and AP groups than open-loop analysis (see Fig. 11 ). Of course, this initial finding must be examined with more extensive data in the future. The key notion being advanced by the closed-loop modeling approach is the ''mutual interdependence'' of blood pressure and flow velocity in an artery. Among the physiological mechanisms that mediate flow-dependent changes of vascular impedance, the best documented is the flowdependent vasodilation process which is mediated by endothelial Nitric Oxide production from the shearflow sensitive amino acid L-arginine and the subsequent relaxation of the perivascular smooth muscle via increased intracellular cGMP. Consistent with these biological processes, the analysis of the time-series data shows that the predictive ability of extracted models is comparable for pressure-to-flow and flow-to-pressure causal relations. We also note that the spatio-temporal arterial pressure and flow changes are fundamentally interconnected via the Navier-Stokes equation, constrained by the (complicated) boundary conditions imposed by the variable cerebrovascular characteristics of each subject, which include autoregulatory mechanisms. These collectively generate the postulated ''systemic disturbances'' in the closed-loop diagram of Fig. 3 .
This point is further corroborated by the initial statistical analysis based on the normative Gammadistribution fit of the CVMR histogram (for closedloop analysis) shown in Fig. 8 . The average probability of rejecting the Null Hypothesis based on the normative Gamma-distribution of the reference set of 16 CS is about double for the AP group relative to the CS group for closed-loop analysis (see Table 5 ). This probability is above 65% for all patients in the closedloop analysis, but one patient is below 65% in the open-loop analysis. One member of the CS group has such probability above 65% for closed-loop analysis, but three members of the CS group have such probability above 65% for open-loop analysis. Thus, based on these initial results, it appears that closed-loop analysis has better sensitivity and specificity than openloop analysis. Obviously, this finding must be tested in the future by an extended database.
Dynamic Analysis Appears to be Yield Better Initial
Results than Baseline (Static) Analysis
The initial results suggest that dynamic analysis using input-output models of CHAR offers better delineation between the CS and AP groups than static analysis based on baseline values (compare the values in Table 1 with Table 5 ). In Table 1 , the averages of baseline values of the three variables are different for the CS and AP groups; however these differences are small relative to the standard deviations of the two groups and, therefore, do not rise to a high level of statistical significance (one-sided p values of: 0.08 for MCBFV, 0.16 for MABP, 0.21 for ETCO2). This is also evidenced by the fact that the ranges of the individual baseline values for the CS and AP are largely overlapping. However, the static reactivity estimate in Table 1 , obtained as the ratio of the average (baseline) MCBFV value to the average ETCO2 value, yields distributions for the CS and AP subgroups with mean values of 1.34 and 0.97 cm/s/mmHg respectively (i.e., 28% smaller for the AP) which corresponds to one-sided p value of 0.036, while the CVMR index (which is a dynamic reactivity estimate) yields distributions for the CS and AP subgroups with mean values of 3.69 and 0.87 cm/s/mmHg respectively for closed-loop analysis (i.e., 76% smaller for the AP) which corresponds to one-sided p value of 0.004 (similar p-value is obtained for open-loop analysis). Thus, the modelbased dynamic reactivity estimate (i.e., the CVMR index) separates the two subgroups better. In order to examine whether the static and the dynamic reactivity estimates are correlated, we show in Fig. 12 the respective scatter-plots (with the regression lines) for closed-loop and open-loop analysis. The r 2 -value is higher for the closed-loop analysis (0.55 vs. 0.41) and so is the slope. We interpret this result as suggesting that closed-loop analysis is more appropriate than open-loop analysis (higher r 2 value) and that the dynamic reactivity index delineates better than the static reactivity index the CS from AP.
In closing, we emphasize that, although the presented initial results are rather promising, the proposed approach must be tested with a larger population of AD patients and control subjects before it can be accepted for potential clinical use. Of particular importance for clinical diagnosis of early AD is the question of specificity that allows delineation from other cerebrovascular or neurodegenerative diseases. This will require extending our future studies to volunteers with other pathologies that may benefit from a reliable CVMR and/or CA index. This will examine the specificity of the proposed indices for AD diagnosis. It is finally important to explore whether the numerical values of the CVMR and CA indices can offer quantitative measures of the stage of the disease in order to be useful in optimizing the therapeutic strategies and monitoring the effects of treatment over time.
APPENDIX I: BASICS OF VOLTERRA AND OPEN-LOOP PDM-BASED MODELING
The general nonparametric Volterra model is applicable to all finite-memory dynamic nonlinear systems, which covers almost all physiological systems (with the exception of chaotic systems or non-dissipating oscillators). 26, 29 In the proposed methodology, the modeling task commences with the estimation of a second order Volterra model of the two-input CHAR system using Laguerre expansions of the kernels where p(t) denotes the MABP input, x(t) denotes the ETCO2 input, y(t) denotes the mean cerebral blood flow velocity (MCBFV) output and e(t) denotes possible measurement or modeling errors. The dynamic characteristics of this system/model are described by the kernels: k p , k x , k pp , k xx , k px , which are estimated using given input-output data: p(t), x(t), and y(t), by means of Laguerre expansions and least-squares fitting as described below. Consider, for instance, the Laguerre expansion of the rth order kernels corresponding to two inputs: which are nonlinear stochastic integral equations, since we have for each open-loop model:
